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Skills, earnings, and employment: 
exploring causality in the estimation of returns 
to skills
Franziska Hampf1, Simon Wiederhold2*  and Ludger Woessmann3
Background
Human capital analysis starts with the assumption that human capital can be acquired 
through schooling and lifelong learning. While these activities are costly, they are gen-
erally expected to entail future benefits, for example in the form of returns in terms 
of higher wages and increased employability. Following the seminal contributions of 
Schultz (1961), Becker (1962), and Mincer (1974), thousands of studies have investi-
gated individuals’ returns to human capital in the labor market. Human capital can be 
regarded as skills that make workers more productive in performing their work tasks 
and as the knowledge and competencies that enable people to generate and adopt new 
ideas that spur innovation and technological progress. This productivity-enhancing 
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Ample evidence indicates that a person’s human capital is important for success on the 
labor market in terms of both wages and employment prospects. However, unlike the 
efforts to identify the impact of school attainment on labor-market outcomes, the lit-
erature on returns to cognitive skills has not yet provided convincing evidence that the 
estimated returns can be causally interpreted. Using the PIAAC Survey of Adult Skills, 
this paper explores several approaches that aim to address potential threats to causal 
identification of returns to skills, in terms of both higher wages and better employment 
chances. We address measurement error by exploiting the fact that PIAAC measures 
skills in several domains. Furthermore, we estimate instrumental-variable models that 
use skill variation stemming from school attainment and parental education to circum-
vent reverse causation. Results show a strikingly similar pattern across the diverse set 
of countries in our sample. In fact, the instrumental-variable estimates are consistently 
larger than those found in standard least-squares estimations. The same is true in two 
“natural experiments,” one of which exploits variation in skills from changes in compul-
sory-schooling laws across U.S. states. The other one identifies technologically induced 
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German municipalities. Together, the results suggest that least-squares estimates may 
provide a lower bound of the true returns to skills in the labor market.
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effect of human capital increases a person’s wage or allows her to escape unemployment 
and find a job in the first place.
A key challenge for the work on the role of human capital in modern economies con-
cerns its measurement. Previous empirical literature relies almost exclusively on available 
quantity-based measures of human capital investment such as educational attainment, 
which is typically measured by years of schooling. While such measures are certainly 
related to human capital and, in fact, have been shown to be economically relevant, they 
nevertheless might be less than perfect approximations of effective human capital. For 
example, the quality of schooling might change over time and might vary across coun-
tries. Approximating an individual’s stock of human capital with years of schooling is 
especially problematic in cross-country comparisons, which implicitly assume that the 
contribution of each school year to human capital accumulation is independent of the 
quality of the education system—i.e., that a year of schooling, e.g., in Papua New Guinea 
creates the same increase in productive human capital as a year of schooling in Japan 
(Hanushek and Woessmann, 2008, 2015). This can certainly be questioned. Moreover, 
measures of educational attainment just reflect an individual’s human capital at the end 
of formal schooling, which may not be good indicators of effective human capital when 
individuals need to constantly adapt their skills to structural and technological change 
throughout their entire working life.
An alternative approach to human capital measurement is to measure the skills of 
adults directly. Until fairly recently, almost all of the international evidence on cogni-
tive skills of the adult population came from the International Adult Literacy Survey 
(IALS) of the mid-1990s (see Hanushek and Woessmann, 2011, for a review). However, 
skill measures from two decades ago may not accurately capture the situation in econo-
mies that have undergone substantial technological change (Autor et al., 2003; Goldin 
and Katz, 2008; Acemoglu and Autor, 2011). Recently, a new large-scale assessment of 
the skills of the adult population was conducted—the Programme for the International 
Assessment of Adult Competencies (PIAAC). Compared to IALS, PIAAC has greater 
country coverage, considerably larger sample sizes, and tests that cover a wider variety 
of skills.
In addition to measurement, another key challenge in the estimation of returns to 
human capital on the labor market is causality. Unlike the efforts to identify the causal 
impact of school attainment on wages or employment using a variety of sources of exog-
enous variation (for reviews see Card, 1999; Heckman et  al., 2006), the literature on 
returns to skills stops short of providing convincing evidence that the estimated returns 
can be causally interpreted. There are three main potential threats to causal identifica-
tion of the relationship between skills and labor-market outcomes. First, measurement 
error in the skills variable could give rise to classical attenuation bias, implying that least 
squares estimates of the returns to skills are underestimates of the true impact of skills 
on wages or employment. Second, different employment patterns could directly affect 
test scores over the lifecycle, implying problems of reverse causation. For example, bet-
ter jobs might use and reinforce skills whereas worse jobs or employment breaks might 
lead to skill depreciation. Third, various omitted variables could bias the estimates. 
Among others, family background, health, or personality traits could directly influence 
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labor-market outcomes; if also related to skills, these could lead to an omitted variable 
bias in the analysis of skills.
Using the PIAAC survey, this paper takes a deeper look into the main issues of iden-
tification in the estimation of returns to skills for a large set of countries. We explore 
several approaches designed to deal with the possible sources of bias. First, we make 
use of the fact that PIAAC tests skills in several domains and provides several plausible 
values for each skill measure, allowing us to deal with the issue of measurement error. 
Second, we address reverse causality (e.g., better jobs might reinforce skills) in instru-
mental-variable (IV) models. These IV models use only the part of the variation in skills 
that is determined before labor-market entry and is therefore unaffected by job-specific 
patterns of skill appreciation or skill decay. Third, PIAAC’s rich background question-
naire contains several variables that are likely correlated with both skills and labor-mar-
ket outcomes, but typically remain unobserved in administrative labor-market records 
(e.g., a person’s health status or her parents’ education level). We investigate whether 
controlling for these variables changes the estimated returns to skills, which would indi-
cate that part of the relationship between skills and labor-market outcomes is attribut-
able to these other (typically unobserved) variables. In this analysis, we consider both 
wages and employment to shed light on the effect of skills at the intensive and extensive 
margin. While much of the literature focuses on wages only, increased employment may 
constitute another important dimension of potential returns in terms of participation 
in the labor market, which may have important repercussions for societal participation 
more generally.
Our baseline least squares estimations of the returns to skills suggest that going up one 
(out of five) PIAAC proficiency levels in numeracy skills is associated with an average 
increase in hourly wages of about 20 percent and an increase in the likelihood of being 
employed of about 8% points on average across the participating countries. There is a 
wide variation in the returns across the 32 countries in our sample, though, ranging from 
wage increases of 10% in Greece to 47% in Singapore and from employment increases of 
2.4% in Indonesia (Jakarta) to 14.2% in Spain. Estimated returns to skills in the differ-
ent IV models are consistently larger than estimates derived from least squares models. 
When addressing measurement error in the skill variable, estimated wage returns in the 
pooled sample increase by approximately 10%, while they more than double in size in 
specifications dealing with reverse causality. Moreover, estimated returns only slightly 
decrease when we control for parental education or health as potential omitted vari-
ables, suggesting that the empirical relevance of concerns from omitting family-back-
ground and health measures may be limited.
One of our most striking findings is that the described pattern of results across the dif-
ferent specifications is remarkably consistent across the diverse set of countries in our 
sample.1 In fact, most of the IV models lead to larger estimates of the returns to skills in 
every single participating country. Results are also robust to a number of alternative 
specifications, including different samples and additional controls.
1 Real GDP per capita (at constant national prices) ranges from $18,609 in Turkey to $82,297 in Norway, a difference by 
a factor of 4.
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The second part of our analysis focuses on the United States and Germany, as these 
countries provide two “natural experiments” that induce quasi-exogenous variation in 
skills. These approaches more credibly identify causal effects than the above approaches 
that separately address the main types of possible bias. The first approach, suggested by 
Hanushek et al. (2015), exploits statewide compulsory schooling requirements that led 
to changes in educational attainment and, therefore, skills in the United States. These 
state-level changes in schooling requirements can be used as instrumental variables to 
examine the impact of skills on wages.2 Identification of these effects is achieved by 
exploiting variation in the timing of the law changes across states over time such that 
different birth cohorts within each state have different compulsory schooling 
requirements.
While changes in compulsory schooling laws across states over time are likely to affect 
skills in general, Germany provides a unique setting to investigate the wage effect of 
domain-specific skills, namely, the capacity to master information and communication 
technologies (i.e., ICT skills). It has recently been argued that ICT skills are central in 
modern labor markets and, according to the former Vice President of the European 
Commission, Neelie Kroes, can be regarded as “the new literacy”.3 However, existing evi-
dence on the returns to ICT skills is scarce and purely descriptive because of the diffi-
culty to find a source of variation in ICT skills that is independent of a person’s overall 
ability. Falck et al. (2016) use technological peculiarities that led to variation in broad-
band availability at a very fine regional level within Germany, inducing differences in 
ICT skills developed by performing ICT-related tasks. Specifically, in traditional tele-
phone networks, the distance between a household and the main network node (“last 
mile”) was irrelevant for the quality of voice-telephony services; however, when these 
networks became the basis for broadband Internet, the last-mile distance turned out to 
play a crucial role for broadband availability. Beyond a certain distance threshold, high-
speed Internet access was not feasible without major infrastructure investment, a situa-
tion that excluded a considerable share of German municipalities from early broadband 
Internet access. The variation in ICT skills induced by differences in early broadband 
access is independent of a person’s overall ability and can therefore be used to estimate a 
plausibly causal effect of ICT skills on wages.
The evidence on the returns to skills from the natural experiments in the United 
States and Germany corroborates the findings from the international analysis; estimated 
returns to skills in the IV models are again considerably larger than the least squares 
estimates. This suggests that the least squares results may provide a lower bound of the 
true returns to skills in the labor market.
This striking pattern of results, holding for various sources of exogenous variation in 
skills and across different contexts, yields important implications for policy. It suggests 
that policies of skill development—even if based on standard (least squares) results on 
2 Previous literature has also used compulsory schooling laws to investigate the effect of increased schooling on mortal-
ity, incarceration, and the social returns to schooling, among others (Acemoglu and Angrist, 2001; Lochner and Moretti, 
2004; Lleras-Muney, 2005).
3 http://getonlineweek.eu/vice-president-neelie-kroes-says-digital-literacy-and-e-skills-are-the-new-literacy/ . Accessed 
September 19, 2016).
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skill returns—are not pursuing overly optimistic outcomes. However, this paper is only 
the starting point toward gaining a better understanding of causality in the estimation of 
returns to skills, and substantially more work needs to be done to show the robustness 
and generalizability of our results.
The paper proceeds as follows: “Previous literature on labor-market returns to human 
capital” summarizes the previous literature on the returns to human capital in the labor 
market. “The PIAAC data” briefly describes the PIAAC data. “Empirical strategy” out-
lines the empirical strategy for the returns-to-skills estimations and discusses the main 
potential threats to causal identification of the relationship between skills and labor-
market outcomes. “Returns to general skills: explorations into causality” presents results 
on the returns to general skills from empirical models that separately deal with the 
main types of possible bias, including evidence from a natural experiment that exploits 
changes in compulsory schooling laws in the United States. “Returns to ICT Skills: Evi-
dence from Peculiarities in Broadband Technology in Germany” presents results on the 
returns to a domain-specific skill, namely ICT skills, from a natural experiment that 
exploits peculiarities in broadband technology across German municipalities. “Conclu-
sion” concludes.
Previous literature on labor‑market returns to human capital
Starting with the seminal work of Becker (1962) and Mincer (1974), a substantial body of 
research has shown that human capital has positive effects on an individual’s labor-mar-
ket success. Most analyses rely on the Mincerian wage regression, derived from a theo-
retical framework of optimal human capital investment, which allows estimating the rate 
of return to schooling (Mincer, 1970, 1974).4 A large amount of evidence exists on the 
returns to schooling, and the overwhelming majority of studies find a positive relation-
ship between schooling and individual earnings: on average, an additional year of 
schooling is associated with roughly a 10% increase in earnings (Psacharaopoulos and 
Patrinos, 2004). However, the authors also show that estimated returns to schooling vary 
significantly between studies and contexts; for instance, returns appear to be higher in 
low-income countries, for women, and for lower levels of schooling.
While most of the early evidence on the returns to education has been purely descrip-
tive, more recent studies try to tackle potential endogeneity issues in the returns estima-
tion.5 These studies aim to give a causal interpretation to estimated returns to education 
by exploiting variation in education stemming from changes in compulsory schooling 
laws and in restrictions on child labor, variation in education stemming from differences 
4 In particular, the Mincer equation models the logarithm of individual earnings as a function of years of formal educa-
tion, a quadratic polynomial in years of (potential) experience and potentially other covariates. The Mincer earnings 
function is widely used in empirical economics to estimate the returns to formal education. See Heckman et al. (2006) 
for a discussion under which conditions the coefficient on schooling in a Mincer equation estimates the rate of return to 
schooling.
5 The term “endogeneity” stems from the idea that a certain variable (e.g., education) cannot be viewed as exogenous 
to the model of interest, as it should be, but that it is rather endogenously determined within the model—depending on 
the outcome (i.e., reverse causality) or being jointly determined with the outcome by a third factor (i.e., omitted variable 
bias). Because of the problem of endogeneity, estimates of the association between the variable and outcome based on 
correlations will be biased estimates of the causal effect of the variable on the outcome. We describe potential endogene-
ity problems in the returns to skills estimation and approaches to tackle these issues in “Empirical strategy”.
Page 6 of 30Hampf et al. Large-scale Assess Educ  (2017) 5:12 
in the distance to the nearest educational institution, and variation in education occur-
ring between siblings and twins.6 Frequently, pursuing these more demanding identifica-
tion strategies even leads to larger estimates of the returns to education (e.g., 
Oreopoulos, 2006).7 The overall conclusion of earlier studies estimating simple Mince-
rian wage equations, however, is confirmed: education has a strong causal impact on 
earnings.8
While the empirical literature on returns to education relies almost exclusively on 
school attainment as a measure of human capital, such measure may in fact be a poor 
approximation of an individual’s effective human capital. In recent work on the macro-
economic effect of human capital on a country’s economic growth, it has been shown 
that educational outcomes (the cognitive skills people have actually learned), not just 
attainment (how long people stayed in school), are more reliable proxies of human capi-
tal. Hanushek and Woessmann (2012, 2015) measure a country’s stock of human capi-
tal as the average test score on all international student achievement tests in math and 
science between 1964 and 2003. Estimating cross-country growth regressions, they find 
strong support for a positive association between human capital and long-run growth. 
When the stock of human capital is instead measured by the average years of school-
ing of the population, the association with economic growth is much weaker, and the 
model accounts for only one quarter of the cross-country variation in long-run growth 
(rather than three quarters with achievement). In fact, once differences in achievement 
are taken into account, there is no separate relationship whatsoever between years of 
schooling and economic growth. Several rigorous analyses, detailed in Hanushek and 
Woessmann (2012, 2015), indicate that the achievement-growth picture indeed depicts a 
causal effect of better educational achievement on economic growth. The results suggest 
that the quantity of education matters for growth only insofar as it in fact leads to better 
knowledge and skills of the population. It is what people know and can do that matters 
for economic growth, not how long it took them to reach that achievement. This evi-
dence strongly calls for a focus on educational outcomes, not just attainment.
However, unlike the case of the returns to school attainment, analysis of the returns to 
cognitive skills on the labor market has had to rely on a small number of specialized data 
sets. While assessments of the achievement of students are common, tested students are 
seldom followed from school into the labor market where the impact of differential skills 
can be observed. In fact, evidence incorporating direct measures of cognitive skills is 
mostly restricted to early-career workers in the United States.9 A notable exception is 
the work based on the international IALS data of adult skills in the mid-1990s.10
6 See, for instance, Angrist and Krueger (1991), Harmon and Walker (1995), Ashenfelter and Rouse (1998) and Oreo-
poulos (2006). Card (1999) and Heckman et al. (2006) provide comprehensive overviews and Woessmann (2016) pro-
vides a less technical summary.
7 Recent evidence suggests, however, that estimates based on changes in compulsory schooling laws may in fact be 
smaller, after all; see Pischke and von Wachter (2008), Devereux and Hart (2010), Grenet (2013), and Stephens and Yang 
(2014).
8 Education may also exhibit non-monetary returns at the individual as well as the societal level, including higher fringe 
benefits, higher job satisfaction, reduced crime, improved health, and good citizenship (for reviews, see Lochner, 2011 
and Oreopoulos and Salvanes, 2011).
9 See, for example, Bishop (1989), Murnane et  al. (1995), Neal and Johnson (1996), Mulligan (1999), Murnane et  al. 
(2000), Lazear (2003), and Chetty et al. (2011). Bowles et al. (2001) provide an early survey of studies of achievement 
effects, and Hanushek and Woessmann (2008) and Hanushek and Rivkin (2012) survey more recent evidence.
10 See, for example, Leuven et al. (2004) and Hanushek and Zhang (2009), among others; see the review in Hanushek 
and Woessmann (2011).
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More recently, using data from the PIAAC survey of adult skills over the full lifecycle 
in 23 countries in 2011–12, Hanushek et al. (2015) show that the focus on early-career 
workers in previous studies leads to an underestimation of the actual returns to skills by 
about one quarter. For prime age workers, going up one (out of five) PIAAC proficiency 
levels is associated with an 18% increase in hourly wages.11
The PIAAC data
PIAAC was developed by the OECD and the data were collected between August 2011 
and March 2012 (first round) and between April 2014 and March 2015 (second round). 
PIAAC provides internationally comparable data about skills of the adult populations in 
33 countries.12 In each country, at least 5000 adults participated in the PIAAC assess-
ment, providing considerably larger samples than in IALS, the predecessor of PIAAC. In 
each participating country, a representative sample of adults between 16 and 65 years of 
age was interviewed at home in the language of their country of residence. The standard 
survey mode was to answer questions on a computer, but for respondents without com-
puter experience or sufficient computer knowledge there was also the option of a pencil-
and-paper interview.
PIAAC was designed to measure key cognitive and workplace skills needed for 
individuals to advance in their jobs and participate in society. The survey included 
an assessment of cognitive skills in three domains: numeracy, literacy, and ICT 
(called “problem solving in technology-rich environments” in PIAAC).13 The tasks 
respondents had to solve were often framed as real-world problems, such as main-
taining a driver’s logbook (numeracy domain) or reserving a meeting room on a par-
ticular date using a reservation system (ICT domain). The domains , described in 
more detail in OECD (2013), refer to key information-processing competencies and 
are defined as:
Literacy: Ability to understand, evaluate, use and engage with written texts to partici-
pate in society, to achieve one’s goals, and to develop one’s knowledge and potential.
Numeracy: Ability to access, use, interpret, and communicate mathematical informa-
tion and ideas in order to engage in and manage the mathematical demands of a range of 
situations in adult life;
ICT skills: Ability to use digital technology, communication tools and networks to 
acquire and evaluate information, communicate with others and perform practical 
tasks.
11 Other research using the PIAAC data investigates—among others—the effect of teacher skills on student achievement 
(Hanushek et al., 2014), the role of skill mismatch for earnings (Levels et al., 2014; Perry et al., 2014), skill depreciation 
over the lifecycle (Barrett and Riddell, 2016), and the effect of vocational education on lifecycle employment (Hampf and 
Woessmann, 2016).
12 Participating countries in the first round were Australia, Austria, Belgium (Flanders), Canada, Cyprus, the Czech 
Republic, Denmark, Estonia, Finland, France, Germany, Ireland, Italy, Japan, Korea, the Netherlands, Norway, Poland, 
the Russian Federation, the Slovak Republic, Spain, Sweden, the United Kingdom (specifically England and Northern 
Ireland), and the United States. In the second round, the following countries participated: Chile, Greece, Indonesia 
(Jakarta only), Israel, Lithuania, New Zealand, Singapore, Slovenia, and Turkey. We do not include the Russian Federa-
tion in the subsequent analyses because its data are still subject to change and are not representative of the entire popu-
lation because of the lack of the Moscow municipal area (OECD, 2013).
13 Participation in the ICT domain was optional; Cyprus, France, Italy, and Spain (first round) as well as Indonesia 
(second round) did not participate in this domain.
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PIAAC measures each of the three skill domains on a 500-point scale.14 All three 
scales are intended to measure different dimensions of a respondent’s skill set, although 
a person who performs well in literacy usually tends to have relatively higher numeracy 
and ICT scores, too. IALS suffered from pairwise correlations of individual skill domains 
that exceeded 0.9, making it virtually impossible to distinguish between different skills. 
The skill domains in PIAAC are less strongly correlated with an individual-level correla-
tion between numeracy and literacy (ICT skills) of 0.86 (0.66); the correlation between 
literacy and ICT skills is at 0.70.15
Before the skill assessment, all participants responded to a background questionnaire 
that gathered information about labor-market status, earnings, education, experience, 
and demographic characteristics of the respondents. The measure of experience refers 
to actual work experience and was collected as the number of years where at least six 
months were spent in paid work.
Following Hanushek et al. (2015), most part of our analysis focuses on workers aged 
35–54 who are full-time employed,16 because prime-age earnings best approximate life-
time earnings.17 In the econometric analysis, we standardize skills to have mean zero 
and standard deviation (SD) one and always employ the sample weights provided in 
PIAAC. In the pooled sample of 32 countries, one SD in numeracy skills is 53 PIAAC 
points, which is roughly equivalent to one out of five proficiency levels in PIAAC.18 Note 
that one SD in numeracy skills is about twice the learning progress made by school-
attending PIAAC respondents between lower secondary and upper secondary educa-
tion, which amounts to 24 points across the countries in our sample.19
Empirical strategy
Following Hanushek et al. (2015) and Falck et al. (2016), we estimate returns to skills in a 
general Mincer framework that relates a person’s human capital to earnings in the labor 
market (see “Previous literature on labor-market returns to human capital”). Specifically, 
we estimate the following individual-level wage regression:
14 PIAAC provides 10 plausible values for each respondent and each skill domain. We employ all plausible values in 
the least squares estimations in Tables  1 and 2 (using Stata’s repest command). In the instrumental-variable models, 
however, there is no straightforward way to add the imputation error to the variance estimator allowing the computa-
tion of correct standard errors. Therefore, we use the first plausible value of the PIAAC scores in each domain in the 
instrumental-variable estimations. We carefully checked whether using just the first plausible value affects our results, 
and found estimated returns to skills to be very similar across the range of plausible values. See Additional file 1: Tables 
S1 and S2 for the estimation results using each of the 10 plausible values in the pooled sample. Below, we also report 
results using other plausible values as instruments for the first plausible value. See also Perry et al. (2014) for a discussion 
of the plausible values in PIAAC.
15 These numbers refer to the pooled sample of full-time employees aged 35–54 years.
16 Full-time employees are defined as those working at least 30 hours per week. Since Australia and Austria did not pub-
lish information on working hours in the PIAAC Public Use File, the full-time working status is based on a question of 
whether a respondent works full-time. The Canadian sample includes full-time and part-time workers because the avail-
able data do not report working hours or work status.
17 For obvious reasons, we do not restrict the sample to full-time workers in the employment regressions. In the ICT-
skills analysis, which is restricted to West German municipalities (“Returns to ICT Skills: Evidence from Peculiarities 
in Broadband Technology in Germany”), we also include part-time workers and expand the considered age range to 
20–65 years to be able to exploit more variation in ICT skills.
18 For descriptive statistics on participants’ characteristics for each PIAAC country, see Table  1 in Hanushek et  al. 
(2015) and Table A-1 in Hanushek et al. (2017b).
19 We calculated this “ISCED-level equivalent” by regressing numeracy skills of PIAAC respondents aged 16–18 years in 
the 32 sample countries on an indicator that takes the value 1 if the respondent is currently in upper secondary educa-
tion (ISCED 3A-B, C long); 0 if the respondent is currently in lower secondary education (ISCED 2, 3C short). Regres-
sions control for gender, age, number of books at home, a migrant indicator, and country fixed effects. The estimate 
provides an approximation of how much students learn on average transiting from lower secondary to upper secondary 
education.
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Depending on the specification, yin is either gross hourly wages20 earned by individual 
i living in country n or the individual’s employment status.21 Cin refers to the individual’s 
cognitive skills measured in PIAAC. Xin is a vector of individual-level variables includ-
ing gender and a quadratic polynomial in actual work experience (in the specifications 
with wage as outcome) or in age (in the specifications with employment status as out-
come).22 We estimate labor-market returns to skills without accounting for years of 
schooling, which is one of several inputs into cognitive skills.23 εic is a standard error 
term. The coefficient of interest is β1, which shows the wage change in percent or the 
change in the employment probability in percentage points when skills increase by one 
SD.24
In this basic regression framework, β1 cannot necessarily be interpreted as the causal 
effect of cognitive skills on labor-market success. The most obvious reasons for β1 being 
a biased estimate of the true returns to skills are measurement error, reverse causality, 
and omitted variables (for a discussion, see also Hanushek et  al., 2015). Measurement 
error may occur if the skills measured in PIAAC are an error-ridden measure of the 
human capital relevant in the labor market. Errors in the measurement of cognitive skills 
can also occur if PIAAC respondents had a bad testing day or solved tasks correctly or 
incorrectly simply by chance. Such measurement error in the assessment of an individ-
ual’s skills will bias the coefficient on skills β1 toward zero. Moreover, higher earnings 
may actually lead to improvements in skills, giving rise to the problem of reverse cau-
sality. Higher-paying jobs may more likely require and reinforce skills or they may pro-
vide the resources to invest in adult education and training. Reverse causality will likely 
lead to an upward bias of the returns-to-skills estimate β1. Finally, omitted-variable bias 
may arise because unobserved variables like non-cognitive skills, personality traits, fam-
ily background, or health status could directly influence earnings or employment pros-
pects and may also be related to cognitive skills. A positive (negative) correlation of skills 
measured in PIAAC with other unobserved variables that are valued on the labor market 
would bias the least squares estimate β1 upward (downward).
Our main approach to address these endogeneity problems is instrumental-variable 
(IV) estimation (see Stock and Watson, 2007, for a textbook treatment). This approach 
allows for consistent estimation even when the explanatory variable in a regression 
model (here: cognitive skills) is endogenous, that is, when it is correlated with the error 
(1)log yin = β0 + β1Cin + Xinβ2 + εin.
20 The PIAAC Public Use File reports hourly wages only in deciles for Austria, Canada, Germany, Sweden, and the 
United State in the first round, as well as for Singapore and Turkey in the second round. For Germany, we obtained the 
Scientific Use File, which contains continuous wage information. For the other countries, we assign the median wage of 
each decile of the country-specific wage distribution (obtained from the OECD) to each person belonging to the respec-
tive decile. Hanushek et al. (2015) show that using decile medians has no substantive impact on estimated returns to 
skills for those countries with continuous wage data. To limit the influence of outliers, we trim the bottom and top one 
percent of the wage distribution in each country with continuous earnings information.
21 In accordance with the International Labour Organization (ILO), employment in the PIAAC survey is defined as hav-
ing paid work for at least 1 h in the week before the survey.
22 In the pooled estimation, we also add country fixed effects so that all estimates rely just on within-country variation.
23 See Hanushek et  al. (2015) for an extensive discussion of the problems of interpreting the coefficient on years of 
schooling in a wage regression that also contains cognitive skills.
24 For ease of exposition, we frequently refer to β1 simply as the “return to skill”. It does not, however, correspond to a 
rate of return calculation because we have no indication of the cost of achieving any given level of skill (see also Heck-
man et al., 2006).
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term and hence an OLS regression yields a biased estimate of the true coefficient. An 
instrument is a variable that is correlated with the endogenous regressor but has no 
independent association with the dependent variable of interest (here: wage, employ-
ment). In other words, the instrument neither has a direct effect on the outcome variable 
nor is it related to the outcome through a channel other than the endogenous regressor. 
Hence, an instrument allows isolating variation in the explanatory variable that is uncor-
related with the error term, eliminating any part of the variation that may suffer from 
endogeneity bias.25
Our Mincerian wage Eq. (1) is likely to yield biased estimates of the true effect of indi-
vidual skills, β1, because the skill variable is correlated with the error term, that is, 
Cov(Cin, εin) �= 0. Hence, we need to find a valid instrument Zin which satisfies two con-
ditions, known as instrument relevance and instrument exogeneity. If an instrument is 
relevant, the variation in Zin is linked to the variation in Cin, that is, corr(Zin,Cin) �= 0. 
As a rule of thumb, the F statistic testing the hypothesis that the coefficient on the 
instrument Zin in an equation that regresses Cin on the instrument Zin and exogenous 
regressors (“first stage”) is zero is supposed to be larger than 10.26 In addition, the instru-
ment has to be uncorrelated with the error term in the original estimation equation, that 
is, corr(Zin, εin) = 0. This exogeneity condition cannot be directly tested due to missing 
unbiased estimates for εin and requires making a judgement based on personal knowl-
edge and common sense.
Typically, the IV model is implemented using a two stage least squares (2SLS) esti-
mator. This estimator is calculated in two steps, the first stage and second stage. In the 
first-stage estimation, the endogenous regressor from Eq.  (1), Cin, is regressed on the 
instrument Zin and all exogenous regressors captured in the X vector:
The key idea is that the first stage isolates a part of the variation in Cin that is uncorre-
lated with εin, thereby overcoming problems such as reverse causality and omitted varia-
bles and achieving consistent estimation. The causal effect of C on y is obtained from the 
second stage of the 2SLS model, where y is regressed on the predicted values (here: pre-
dicted skills) from the first-stage estimation of Cin, denoted by Cˆin, and control variables:
After having outlined the basic idea of the IV approach, we now describe how we use 
this model to address the sources of potential bias in the returns-to-skills estimation.
Returns to general skills: explorations into causality
We start by exploring issues of causality in estimating returns to general cognitive skills 
across the 32 PIAAC countries. The analysis focuses on numeracy skills, which we deem 
most comparable across countries, as, e.g., skill tests are less affected by cross-country 
differences in language complexity than literacy skills.27
25 See Schlotter et  al. (2011) for a non-technical discussion of IV estimation and example applications in the field of 
education.
26 For a discussion, see Staiger and Stock (1997) and Stock et al. (2002).
(2)Cin = pi0 + pi1Zin + Xinpi2 + υin.
(3)log yin = β2SLS0 + β2SLS1 Cˆin + Xinβ2SLS2 + ωin.
27 Hanushek et al. (2015) find that results are generally quite similar for literacy skills.
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Evidence addressing different potential biases in the international sample
Table 1 reports results on the returns to numeracy skills in terms of hourly wages in 
the 32 PIAAC countries, using different specifications to address potential bias from 
measurement error, reverse causality, and omitted variables, respectively. Each cell in 
Table 1 reports the coefficient on numeracy skills from a separate regression. Row (1) 
provides the baseline least squares estimate on the returns to numeracy skills without 
any correction for sources of possible bias. We find that a one SD increase in numer-
acy skills is associated with an increase in wages of 20% in the pooled country sample. 
But the estimated returns vary substantially across countries, ranging from 10% in 
Greece to 47% in Singapore.28 Despite these cross-country differences in the returns to 
skills, we observe that skills are significantly rewarded in all countries participating in 
PIAAC.29
Similarly, Table  2 shows how numeracy skills are related to the probability of being 
employed. One reason why skills would affect employment is that individuals with higher 
earnings potential (due to higher skills) are more likely to choose to participate in the 
labor market. Another reason would be that low-skilled people are less likely to find a job 
in labor markets with effective minimum wages. In the baseline specification [row (1)] for 
the pooled country sample, the probability of being employed increases by 7.9% points 
when numeracy skills increase by one SD. Estimated returns in terms of employment 
range from 2.4% points in Indonesia to 14% points in the Slovak Republic and Spain. One 
potential reason for the strong association between skills and employment in the latter 
countries could be their currently high rates of non-employment. Despite this country 
heterogeneity, the association between skills and employment prospects is again signifi-
cant in each country.
However, as discussed above, these returns-to-skills estimates are unlikely to reflect 
the causal effect of skills on labor-market outcomes. In rows (2)–(7) of Tables 1 and 2, we 
deal with the different sources of possible bias consecutively.
Measurement error
As is well known, tests differ in how reliably they measure underlying domains of cogni-
tive skills, and the implied errors can bias the estimates of the returns to skills. Perhaps 
the most straightforward way to address possible attenuation bias arising from errors in 
the measurement of skills is to use two measures of the same concept in an IV approach. 
In the PIAAC setting with multiple tests, we can use literacy skills as an instrument for 
numeracy skills. This approach essentially takes the variation that is common to both 
skill measures as the relevant cognitive dimension.
28 Part of this country heterogeneity in estimated returns can be attributed to a country’s institutional environment 
reflected by union density, strictness of employment protection, and the size of the public sector (Hanushek et al., 
2015). In addition, Hanushek et al. (2017b) show that returns to skill are larger in countries with faster prior eco-
nomic growth, consistent with models where skills are particularly important for adaptation to dynamic economic 
change.
29 Note that the US estimate differs slightly from the estimate in Table 2 in Hanushek et al. (2015) who show results 
for continuous earnings after wage trimming (obtained from the US National Center for Education Statistics). Moreo-
ver, estimated returns in PIAAC round 2 countries are not precisely comparable to those reported in Hanushek et al. 
(2017b) because they estimated the skill gradient using age instead of actual labor market experience. However, results 
with either approach are very similar.
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Pursuing this IV strategy, row (2) of Table  1 indicates that literacy is a very strong 
instrument for numeracy, with a point estimate of 0.85 in the first-stage estimation 
and an F statistics of over 61,000 in the pooled sample (shown in brackets at the bot-
tom of each cell). In the second stage, the estimate on numeracy skills in predicting 
wages increases from 0.20 in the baseline OLS model to 0.22. That is, just by taking 
away domain-specific measurement error in the PIAAC test, the estimate of skill returns 
increases by 10% in the IV model, suggesting that downward bias from measurement 
error may indeed be an important issue in the analysis of returns to skills. A similar 
increase in estimated returns when correcting for measurement error can be observed 
in almost all countries; only in six countries (Estonia, Japan, Lithuania, Norway, Singa-
pore, and the Slovak Republic) estimated returns decrease slightly.
While instrumenting numeracy skills by literacy skills addresses common concerns 
about test quality such as specific items on the numeracy test being a bad measure of 
skills relevant on the labor market, it ignores any earnings effects of domain-specific 
skills by considering only the returns to the skill component that is common to both skill 
domains. Therefore, we also pursue another approach to correct for measurement error 
in numeracy skills. As respondents received different item booklets, PIAAC reports 10 
plausible values, or multiple imputations of proficiency values from the posterior distri-
bution of a latent regression item response model, for each skill domain. As each plausi-
ble value provides an estimate of numeracy proficiency, we can use one plausible value 
of numeracy proficiency as an instrument for another plausible value of numeracy profi-
ciency to correct for measurement error bias. Results of IV estimations that use the sec-
ond plausible value of numeracy skills as an instrument for the first plausible value are 
shown in row (3) of Table 1. The F statistics of the excluded instrument in the first stage 
again indicate a very strong instrument. The second-stage estimate increase to 0.23 in 
the pooled country sample. In fact, the estimates of this IV model are larger than the 
OLS estimates in every single country in the sample.30
In the employment regressions, the coefficient on numeracy skills in the pooled sam-
ple remains unchanged when numeracy is instrumented with literacy and increases by 
16% when the first plausible value of numeracy is instrumented with the second plausi-
ble value [rows (2) and (3) of Table 2]. Correcting for measurement error with the plausi-
ble-value based IV model leads to an increase in the estimated employment impact of 
skills in every single country. The literacy-based IV model also leads to significant effects 
in all but two countries, Greece and Japan. The reason for the weak relation between 
skills and employment in the literacy IV in these two countries is that better literacy 
skills are themselves not associated with a higher probability of being employed as liter-
acy skills of unemployed and inactive adults are similar or even larger than literacy skills 
of their employed counterparts (OECD, 2016).31 By considering only the returns to the 
skill component that is common to numeracy and literacy, the literacy IV thus fails to 
detect a significant association of skills with employment. This is also consistent with the 
30 Instrumenting the first plausible value of numeracy with any other plausible value or with all other plausible values 
simultaneously delivers almost identical results.
31 As is discussed in OECD (2016), the differences in literacy skills between employed, unemployed, and inactive adults 
are small in most PIAAC countries. This can partly be attributed to the high rate of unemployment among young people 
(who tend to have higher literacy skills than older people) and the fact that many are inactive as they remain in educa-
tion. Moreover, the difference in literacy skills between employed and unemployed adults is considerably larger when 
only the long-term (longer than 12 months) unemployed are used in the comparison.
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fact that also in these two countries, the estimate increases compared to the OLS esti-
mate when the second plausible value of numeracy is used as an instrument.
It is important to note that neither approach solves all possible measurement error 
issues. Errors common to both numeracy and literacy or common to all plausible values 
in the numeracy domain, ranging from the tested person having a bad testing day or 
the fact that the test measures may not be an encompassing measure of the underlying 
concept of human capital, are not eliminated (for an in-depth discussion, see section 2 in 
Hanushek et al., 2015).
Reverse causation
The second threat to causal identification is that people may have better skills because 
they have a better job. Such issues of reverse causation can be addressed by instrumen-
tal variables that are related to an individual’s skills but observed before the start of the 
labor-market career. In line with this reasoning, school attainment could in fact serve as 
an instrument for skills, having been determined before entering the labor market. Simi-
larly, family background potentially provides another instrument for skills that influ-
ences skill development but is predetermined with respect to labor-market experience. 
Indeed, in the literature on returns to school attainment, parental education has been 
used as an instrument for years of schooling (e.g., Ichino and Winter-Ebmer, 1999).
In rows (4) and (5) of Table  1, we use years of schooling and parental education, 
respectively, as instruments for numeracy skills in predicting wages. Both are strongly 
related to numeracy skills in the first stage, yielding strong instruments not only in the 
pooled sample of countries, but in fact in each country separately. In both cases, the 
second-stage estimate on the returns to skills increases substantially compared to the 
OLS estimate. In the pooled sample, estimated returns increase to 0.52 when using years 
of schooling as the instrument and to 0.46 when using parental education as the instru-
ment. This pattern is again very similar across individual countries. The largest increases 
in estimated returns compared to the OLS results are observed in Indonesia, Poland, the 
Slovak Republic, Spain, and Turkey.
In the employment regressions, the positive effect of higher skills increases in both 
specifications compared to the baseline OLS estimate in the pooled sample of countries 
[rows (4) and (5) of Table  2]. While all previous results were surprisingly consistent 
across countries, using the parental education instrument in the employment regression 
yields statistically insignificant estimates in eight countries (Austria, Czech Republic, 
Finland, Japan, Korea, New Zealand, Singapore, and Sweden). One potential reason for 
this result is that parental education is reported in PIAAC only in three crude categories 
and there is little variation in this variable in the aforementioned countries. In particular, 
the share of adults with at least one tertiary-educated parent is rather low in these coun-
tries at atmost 15% (with the exception of Japan).32
While these IV estimates do not suffer from bias due to direct reverse causation, we 
shy away from interpreting them as causal effects. The main reasons for this are those 
discussed in the literature on returns to years of schooling: schooling is a choice varia-
ble, family background may exert direct effects on earnings and employment, and ability 
32 In Japan, the share of adults with at least one tertiary-educated parent is 29%.
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may show intergenerational persistence (Card, 1999). Moreover, school attainment may 
proxy for some additional component of human capital that is relevant for earnings and 
employment—such as non-cognitive aspects of education that are not captured in the 
numeracy score. If any of these arguments hold true, the exclusion restriction that the 
instrument is related to wages and employment only through individuals’ numeracy 
skills and not in any other way would be violated.
Omitted variables
The third—and presumably most daunting—source of bias in estimating skill returns is 
omitted variables that are related to both skills and labor-market success. For example, if 
family background is related to skill development and family networks help people find 
a better job, the association of skills with earnings and employment would not reflect 
just the causal effect of skills. In this sense, family background should be a control, rather 
than an instrument, in the estimation. As shown in row (6) of Table 1, controlling for 
parental education—which is indeed itself significantly associated with earnings (not 
shown)—does reduce the OLS estimate on numeracy skills in the wage regression in the 
pooled sample (from 0.200 to 0.182) and in all individual countries, suggesting that some 
(albeit small) part of the estimated returns to skills in the baseline least squares model 
may be attributable to family background.
Likewise, a person’s health may positively affect both skill acquisition and labor-market 
outcomes. Controlling for the measure of self-assessed health status available in PIAAC, 
though, barely changes the estimate of skills on earnings [row (7) of Table 1]. Again, bet-
ter health is itself positively associated with wages (not shown).
Similarly, including additional controls for family background and health somewhat 
reduces the estimated employment effects of skills, but better skills remain significantly 
related to higher employment probabilities in all countries [rows (6) and (7) of Table 2]. 
Thus, although somewhat less pronounced, the pattern of results in the employment 
regressions is again rather similar to what we observed for wages.33 Of course, the avail-
able variables in PIAAC are obviously limited measures of the set of possible omitted 
traits. But gauging from these crude analyses, the empirical relevance of concerns from 
omitting family-background and health measures may be limited.
Robustness checks
In analyses not shown here, we have performed several additional robustness checks. 
Among others, we estimated the baseline model in Table 1 in a more encompassing set 
of workers that also includes part-time workers. Furthermore, we performed limited 
information maximum likelihood (LIML) estimates that are more robust to potentially 
weak instruments than two-stage least squares estimates. The pattern of results in these 
additional analyses is remarkably similar to our baseline estimates.34
Even though addressing several concerns regarding potential biases in the returns to 
skills estimations, neither of the aforementioned strategies provides an encompassing 
33 Accounting for the employment effects of skills in the wage equation—either by including the non-employed in 
the sample and assigning them a very low wage or by estimating Heckman selection models—yields returns to skills 
that are considerably larger than the baseline estimate (see Table 4 in Hanushek et al., 2015).
34 Additional file 1: Tables S3 and S4 shows the results of these robustness checks for the pooled specification. Detailed 
country-by-country results are available from the authors upon request.
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solution for all endogeneity problems. To make a further step towards causal analysis, 
we exploit variation in skills from two natural experiments. We do so by using changes 
in U.S. compulsory schooling laws as a source of exogenous variation in general skills 
(“Evidence from changes in compulsory schooling laws in the United States”). We then 
exploit technological peculiarities in broadband technology in Germany that affected 
the development of ICT skills (“Returns to ICT skills: evidence from peculiarities in 
broadband technology in Germany”).
Evidence from changes in compulsory schooling laws in the United States
The biggest concern with the analysis in Tables 1 and 2 is that the instruments (i.e., other 
skill measures, years of schooling and parental background) are unlikely to capture exog-
enous variation in numeracy skills because they are themselves associated with higher 
wages. To provide more convincing evidence that the observed variation in cognitive 
skills is exogenous, Hanushek et al. (2015) exploit changes in U.S. compulsory schooling 
laws over time at the state level. The idea here is that schooling is one input into skill 
development and children who are forced to attend school longer should, ceteris paribus, 
build up more skills.35 Since U.S. states changed compulsory schooling requirements at 
different points in time, our models can include state fixed effects that account for any 
(observed and unobserved) factors affecting skills and wages that remain constant over 
time within a state.
Table  3, replicated from Hanushek et  al. (2015), shows returns-to-skills estimations 
using U.S. compulsory schooling laws as an instrument for numeracy skills. Column (1) 
starts with a model that includes state fixed effects and a quartic polynomial in age. In 
the first stage, each additional year of compulsory schooling is associated with 0.027 SD 
higher skills. A first-stage F statistic of 25.9 indicates a strong instrument. In the second 
stage, the part of the skill variation that is induced by changes in state compulsory 
schooling laws is significantly related to higher wages. The IV point estimate of 0.66 is 
substantially larger than the OLS point estimate of 0.25 [reported in row (1) of Table 1], 
although the relatively large standard errors do not allow distinguishing the coefficients 
at conventional levels of significance. The substantial increase in the IV estimate likely 
reflects that returns are higher for those who give rise to the identifying variation in this 
local average treatment effect (LATE), namely the population of compliers who are 
induced to get additional schooling because of the law changes. However, since PIAAC 
provides information only on the current state of residence, the estimated returns to 
skills in the IV model are potentially downward biased because interstate mobility would 
induce measurement error in the (state-level) compulsory schooling instrument.36
Column (2) replaces the quartic polynomial in age by a set of birth year fixed effects. The 
first stage estimate of the instrument remains strong (F statistic of 15.1), and the second-
stage coefficient is even slightly higher. Columns (3) and (4) show this model separately for 
the samples of individuals with at most a high school degree and with more than a high 
35 Acemoglu and Angrist (2001) show that compulsory attendance requirements in the United States have generally 
been growing more restrictive, with the maximum enrollment age falling and the minimum dropout age rising.
36 This measurement error is likely to be non-negligible because the United States is well known for the volume of inter-
nal migration. As shown in Hanushek et al. (2017a), more than 40% of a state’s current working-age population (20–
65 years) was not born in the same state. However, this share varies considerable between states, ranging from 22% in 
Louisiana to 84% in Nevada.
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school degree, respectively. Reassuringly, the instrument of changes in compulsory school-
ing requirements affects only those with lower education levels and is not related to the 
skills of individuals with higher education, who should be unaffected by these laws.
Recently, Stephens and Yang (2014) have shown that identification from the timing of the 
law changes across US states over time can be very sensitive to the identifying assumption 
that there are no systematic state changes related to the variables of interest at the same time. 
To check whether results are driven by other variables changing simultaneously with com-
pulsory schooling laws (e.g., school quality improvements), column (6) includes state-specific 
time trends. Even though the instrument becomes somewhat weaker in this highly demand-
ing specification, estimated returns to skills remain statistically significant and sizeable.37
Returns to ICT skills: evidence from peculiarities in broadband technology in Germany
This section turns to estimating labor-market returns to one specific set of skills, namely 
skills to master information and communication technologies (ICT). This analysis 
exploits another natural experiment that specifically affected the development of ICT 
skills across German municipalities, leaving numeracy and literacy skills unchanged. 
This provides the unique opportunity to dig deeper into issues of causality in the esti-
mation of returns to a domain-specific skill type, namely ICT skills—a skill domain that 
is commonly believed to be central in modern knowledge-based labor markets—and to 
isolate the wage effect of these ICT skills from skills in general.
Although there is the widespread belief that ICT skills matter for labor-market out-
comes, the correlation between ICT skills and a person’s general ability makes it hard 
37 In the trend estimation, the sample is extended to all workers with at most a high-school degree aged 35–65 so as to 
have enough variation over time. As a benchmark, column (5) of Table 3 provides the return-to-skills estimate for this sam-
ple without state-specific time trends.
Table 3 Instrumental‑variable models exploiting changes in  compulsory schooling laws 
across US States. Source: adapted from Hanushek and Woessmann (2015)
Two-stage least squares regressions weighted by sampling weights. Sample: full-time employees in the United States. 
Second-stage coefficient is not displayed if the first-stage coefficient is insignificant. All regressions control for gender. 
Robust standard errors (adjusted for clustering at state level) in parentheses. Significance levels: * p < 0.10, ** p < 0.05,  
*** p < 0.01
All levels of school  
attainment
At most high 
school
More than  
high school
At most  
high school
Age 35–54 Age 35–65
(1) (2) (3) (4) (5) (6)
Second stage (dependent variable: log gross hourly wage)
 Numeracy .661***
(.305)
.798***
(.246)
.659***
(.182)
.783***
(.273)
.633***
(.306)
 State fixed effects X X X X X X
 Age quartic X
 Birth year fixed effects X X X X X
 State-specific trends X
First stage (dependent variable: numeracy skills)
 Minimum school-leav-
ing age
.027***
(.005)
.029***
(.008)
.061***
(.016)
−.000
(.006)
.047***
(.020)
.057***
(.022)
 Instrument F statistic 25.9 15.1 14.5 0.0 5.7 6.5
 Observations 932 932 369 563 520 520
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to isolate the wage effect of ICT skills. For instance, an influential paper by DiNardo 
and Pischke (1997) shows that computer users at work possess unobserved skills which 
might have little to do with computers per se but which increase their productivity and 
wages. They strikingly demonstrate this by showing that positive wage effects can also be 
found for pencil use at work, being similar in magnitude to the wage effects of computer 
use. Based on this rather nonsensical finding, they conclude that returns to computer 
and pencil use at work must be biased due to unobserved skills of the users.
To isolate the wage effect of ICT skills from that of skills in general, Falck et al. (2016) 
exploit plausibly exogenous variation in ICT skills using technological peculiarities in 
broadband technology that led to uneven access in broadband Internet independent of 
individuals’ (observed and unobserved) characteristics. Here, we summarize their iden-
tification strategy and the main results.
The underlying idea of the identification strategy is that ICT skills are developed 
through learning-by-doing for which Internet availability (which enables browsing the 
web, searching topics online, and receiving information through email) is a precondi-
tion. Since it is not random whether people have access to the Internet,38 Falck et  al. 
(2016) exploit the fact that the copper wires of the traditional voice-telephony network 
connecting households with the main distribution frame (MDF) were upgraded in many 
countries to provide fast Internet access by means of the so-called DSL technology (see 
Fig. 1). Indeed, the authors show that countries with a high fixed-line penetration before 
the introduction of DSL could roll out broadband earlier and reached a larger share of 
the population faster than countries lagging behind in fixed-line infrastructure.
This reliance of broadband rollout on traditional voice-telephony networks led to an 
uneven distribution of broadband Internet access within countries in the early years of 
the Internet era. Specifically, in West Germany, the general structure of the voice-teleph-
ony network dates back to the 1960s when the provision of telephone service was a state 
monopoly having the declared goal of providing universal telephone service to all Ger-
man households.39 While all households connected to an MDF enjoyed voice-telephony 
services in the same quality, only those households closer than 4200  m (2.6  miles) to 
their assigned MDF could gain access to broadband Internet when a DSLAM was 
installed.40 Past this threshold, DSL technology was no longer feasible without replacing 
parts of the copper wire (typically placed between the MDF and the street cabinet) with 
fiber wire (see Fig. 1). Since this replacement involved costly earthworks that increased 
with the length of the bypass, certain West German municipalities were effectively 
excluded from early broadband Internet access.41 Figure 2 shows that the share of house-
38 For instance, people with better jobs are more likely to have the financial means to buy computers and equip their 
homes with Internet connections.
39 Falck et  al. (2016) exclude East Germany since it cannot be ruled out that location decisions for the MDFs in East 
Germany, which were made after Reunification in the 1990s, were partly determined by unobserved characteristics of 
the municipalities that are also correlated with individual wages (see Bauernschuster et al., 2014, for details). Berlin is also 
dropped from the analysis because DSL availability could not be distinguished between former West and East Berlin.
40 The threshold value of 4200 m is a consequence of the DSL provision policy of the German telecommunication car-
rier, Deutsche Telekom, which marketed DSL subscriptions at the lowest downstream data transfer rate of 384 kbit/s 
only if the line loss was less than 55 decibel (dB). Since the copper cables connecting a household with the MDF usually 
had a diameter of 0.4 mm, a line loss of 55 dB was typically reached at about 4200 m. As the actual line loss depends on 
other factors as well, the 4200-m threshold is only a fuzzy threshold (Falck et al., 2014). This fuzziness in the technologi-
cal threshold of DSL availability is substantially more severe in other countries, effectively limiting the use of the thresh-
old identification to Germany.
41 The costs of rolling out 1 km of fiber wire subsurface amount to 80,000 euro, with an additional 10,000 euro to install 
a new node where the remaining part of the copper wires is connected to the fiber wire (Falck et al., 2014).
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holds with access to DSL is indeed substantially smaller in municipalities above the 
4200-m threshold than in below-threshold municipalities.
This technological peculiarity can be exploited as a “natural experiment” in an IV anal-
ysis. In this analysis, being above or below the 4200-m threshold is used as an instru-
ment for ICT skills in an earnings equation similar to Eq. (3). In particular, the threshold 
instrument is defined as a binary variable that equals 1 when the municipality in which 
an individual lives is more than 4200 m away from its MDF (lower probability of DSL 
availability) and 0 otherwise.42
Columns (3) and (4) of Table 4 present the results of this IV model in specifications 
with just municipality controls and with municipality and individual controls, respec-
tively. The first-stage results in the lower panel of Table 4 provide support for the sug-
gested learning-by-doing channel: persons in municipalities above the 4200 m threshold 
have 0.37 SD lower ICT skills than persons with an MDF within the 4200 m corridor in 
the model with all controls [column (4)]. The threshold instrument is significant at the 
1% level and the first stage F statistic is 10.5, suggesting that a weak instrument bias is 
not a substantial concern in this context. In the second stage, a one SD increase in ICT 
skills attributable to the technical threshold leads to a wage increase of 31%.43 The IV 
coefficients are about twice as large as the corresponding OLS results, shown in columns 
(1) and (2) of Table 4.44 These higher returns in the IV specification likely reflect that 
returns are higher for the population of compliers that mainly consists of individuals 
with intermediate ICT skills.45 Another reason for this difference is measurement error 
in ICT skills, biasing the OLS returns toward zero.
Column (5) shows that the threshold instrument is associated with no appreciable 
changes in numeracy skills—and in fact even has a positive coefficient—suggesting that 
42 This analysis extends the sample to persons aged 20–65 years and also includes part-time workers to have enough 
variation in the technical threshold across municipalities. First-generation immigrants are excluded because they 
often developed their ICT skills outside Germany and should therefore not be affected by the threshold instrument.
43 Without controlling for individual characteristics, estimated returns to ICT skills are at 27%, significant at the 11% 
level [column (3)].
44 The OLS results are based on variables aggregated at the municipality level, which provides the proper comparison 
to the IV results because the threshold instrument varies only at the municipality level. For the same reason, standard 
errors in Tables 4 and 5 are clustered at the municipality level.
45 The OECD (2013) distinguishes three different ICT-proficiency levels: low (level 1 and below), intermediate (level 2), 
and high (level 3).
Fig. 1 The Structure of a DSL Network. The figure shows the structure of a DSL network that relies on the “last 
mile” of the preexisting fixed-line voice-telephony network. The “last mile” consists of copper wires connect-
ing every household via the street cabinet to the main distribution frame (MDF). At the MDF, a DSLAM (Digital 
Subscriber Line Access Multiplexer) is installed that aggregates and redirects the voice and data traffic to the 
telecommunication operator’s backbone network. Source: Falck et al. (2016)
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Fig. 2 DSL Coverage in Above-Threshold and Below-Threshold Municipalities. The figure shows the share 
of households with access to DSL in the period 2005–2009. The blue (red) line indicates municipalities that 
are less (more) than 4200 m away from their assigned main distribution frame (MDF). Source: Falck et al. (2016)
Table 4 Returns to ICT skills: instrumental‑variable models exploiting technological peculi‑
arities in broadband technology in West Germany. Source: adapted from Falck et al. (2016)
Regressions weighted by sampling weights (giving same weight to each municipality). Least squares estimations with 
variables aggregated at the municipality level in columns (1)–(2); two-stage least squares estimations in columns (3)–(4); 
least squares estimations in column (5). Sample: West German employees aged 20–65 years, no first-generation immigrants. 
ICT and numeracy skills are standardized to SD 1 within country. Threshold binary variable indicating whether a municipality 
is more than 4200 m away from its MDF (1 lower probability of DSL availability), and 0 otherwise. Distance calculations are 
based on municipalities’ geographic centroid. Municipality characteristics are unemployment rate in 1999 (i.e., share of 
unemployed individuals in the working-age population aged 18–65 years) and population share of individuals older than 
65 in 1999. Individual characteristics are quadratic polynomial in work experience and gender. Column (5) controls for ICT 
skills. Robust standard errors, adjusted for clustering at the municipality level, in parentheses. Significance levels: * p < 0.10, 
** p < 0.05, *** p < 0.01
Dependent variable: log gross hourly wage
OLS (municipality level) 2SLS (second stage) OLS
(1) (2) (3) (4) (5)
ICT skills .136***
(.025)
.148***
(.025)
.272
(.167)
.306***
(.151)
Municipality characteristics X X X X X
Individual characteristics X X X
First stage
Dependent variable: ICT skills Numeracy 
skills
Threshold −.404***
(.102)
−.369***
(.114)
.044
(.054)
Instrument F statistic 15.8 10.5
Individuals – – 1849 1849 1849
Municipalities 204 204 204 204 204
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the empirical strategy indeed isolates the effect of ICT skills (vis-à-vis generic skills or 
general ability).46 Falck et al. (2016) also provide another placebo test to solidify the evi-
dence for the existence of a learning-by-doing channel in the accumulation of ICT skills. 
They show that the threshold instrument is irrelevant for ICT skills in a sample of first-
generation immigrants who are unlikely to have acquired their ICT skills in Germany.
One concern with the results in Table 4 is that they may partly reflect earnings differ-
ences between rural and urban areas. Densely populated municipalities always have at 
least one own MDF and households are typically below the 4200-m threshold; less agglom-
erated municipalities often share an MDF. Thus, Table  5 provides estimates based on 
regressions analogous to those underlying Table 4 in a sample of municipalities without an 
own MDF, leading to a more homogenous sample with respect to socioeconomic charac-
teristics. Some municipalities, however, were (arguably randomly) lucky to be close enough 
to an MDF in another municipality to have access to broadband Internet. This provides 
variation in the instrument in this restricted sample.47 Also in this sample, returns to ICT 
skills are economically and statistically significant, and even increase somewhat compared 
to the estimates in the full sample. Moreover, the threshold instrument is again not 
46 Estimates in column (5) condition on ICT skills to account for the high correlation between skill domains. Note 
that the threshold instrument continues to be a relevant predictor for ICT skills also when it is controlled for numer-
acy (or literacy) skills (not shown).
47 However, sample size is considerably smaller than in the full sample because the sampling of municipalities in PIAAC 
was proportional to municipality size (Rammstedt, 2013).
Table 5 Robustness of returns to ICT skills in sample of municipalities without own main 
distribution frames. Source: adapted from Falck et al. (2016)
Regressions weighted by sampling weights (giving same weight to each municipality). Least squares estimations with 
variables aggregated at the municipality level in columns (1)–(2); two-stage least squares estimations in columns (3)–(4); 
least squares estimations in column (5). Sample: West German employees aged 20–65 years, no first-generation immigrants, 
only municipalities without an own main distribution frame (MDF). ICT and numeracy skills are standardized to SD 1 within 
country. Threshold: binary variable indicating whether a municipality is more than 4200 m away from its MDF (1 lower 
probability of DSL availability), and 0 otherwise. Distance calculations are based on municipalities’ geographic centroid. 
Municipality characteristics are unemployment rate in 1999 (i.e., share of unemployed individuals in the working-age 
population aged 18–65 years) and population share of individuals older than 65 in 1999. Individual characteristics are 
quadratic polynomial in work experience and gender. Column (5) controls for ICT skills. Robust standard errors, adjusted for 
clustering at the municipality level, in parentheses. Significance levels: * p < 0.10, ** p < 0.05, *** p < 0.01
Dependent variable: log gross hourly wage
OLS (municipality level) 2SLS (second stage) OLS
(1) (2) (3) (4) (5)
 ICT skills .209***
(.079)
.271***
(.087)
.405***
(.204)
.521***
(.213)
 Municipality characteristics X X X X X
 Individual characteristics X X X
First stage
Dependent variable: ICT skills Numeracy 
skills
Threshold −.592***
(.126)
−.517***
(.153)
−.033
(.069)
Instrument F statistic 22.1 11.5
Individuals – – 160 160 160
Municipalities 18 18 18 18 18
Page 27 of 30Hampf et al. Large-scale Assess Educ  (2017) 5:12 
significantly related to numeracy skills, indicating that the estimated returns to ICT skills 
are unlikely to be biased due to unobserved skills of PIAAC respondents.
To provide further evidence in favor of the validity of their identification strategy, 
Falck et al. (2016) show that potential direct productivity effects of broadband (e.g., the 
introduction of online job search channels increasing the quality of job matching) do not 
affect their results. Moreover, they show that households without broadband Internet 
access do not selectively relocate to regions where broadband is available.
Conclusion
The idea that human capital is crucial for future prosperity is widely accepted today. Pol-
icymakers regularly emphasize the importance of education for the economy’s innova-
tive capacity and ability to compete in the globalized world of the 21st century. In the 
words of former U.S. President Barack Obama, “Whether it’s improving our health or 
harnessing clean energy, protecting our security or succeeding in the global economy, 
our future depends on reaffirming America’s role as the world’s engine of scientific dis-
covery and technological innovation. And that leadership tomorrow depends on how we 
educate our students today”.48
Existing research investigating the effects of human capital accumulation supports this 
view. Human capital has been shown to have substantial positive impacts not only on 
individuals’ success in the labor market, but also on their general well-being. Moreover, a 
substantial amount of evidence suggests that the human capital of a population is a main 
driver of economic growth. However, the empirical literature on the labor-market effects 
of a person’s cognitive skills, which have shown to be a more reliable proxy for effective 
human capital than years of schooling, is plagued by the apparent endogeneity of meas-
ured skills. For instance, different employment patterns could directly affect skills over 
the lifecycle, implying problems of reverse causation. Moreover, unobserved variables 
like family networks, health, or non-cognitive skills could directly influence earnings; if 
also related to skills, these could lead to omitted variable bias in the analysis of skills.
This paper aimed to address these sources of potential bias by estimating IV models 
that exploit variation in skills stemming from differences in family backgrounds and 
school attainment. In all participating PIAAC countries, we find larger returns to skills 
in these IV models than in standard least squares estimations, suggesting that the lat-
ter may in fact be biased downwards. This finding holds for wages and, albeit to a lesser 
degree, for employment. While information on family background and years of school-
ing is readily available in the PIAAC data, the issue remains that the variation in skills 
induced by these variables is not necessarily exogenous. We therefore complement the 
above analysis by two natural experiments that more credibly identify exogenous varia-
tion in skills that is independent of other influences such as family background or health 
limitations. These more convincing models similarly suggest that OLS returns provide a 
lower bound of the true returns to skills in the labor market.
Overall, our results show that modern knowledge-based economies highly reward 
skills. This puts the focus on policies for skill development at all levels—from the 
48 Office of the Press Secretary, White House Office, “Remarks by the president on the “Educate to Innovate” Campaign 
and Science Teaching and Mentoring Awards,” January 6, 2010.
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education provided before and in school to lifelong learning opportunities on and off the 
job—and on policies that ensure that skills are effectively retained and used. Our results 
emphasize that such policies are important to secure prosperity in the future.
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